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ABSTRACT
In this article, we propose an automatic procedure for classiﬁcation of
UAV imagery to map weed presence in rice paddies at early stages of
the growing cycle. The objective was to produce a weed map (com-
mon weeds and cover crop remnants) to support variable rate tech-
nologies for site-speciﬁc weed management. A multi-spectral ortho-
mosaic, derived from images acquired by a Parrot Sequoia sensor
mounted on a quadcopter, was classiﬁed through an unsupervised
clustering algorithm; cluster labelling into ‘weed’/‘no weed’ classes
was achieved using geo-referenced observations. We tested the best
set of input features among spectral bands, spectral indices and
textural metrics. Weed mapping performance was assessed by calcu-
lating overall accuracy (OA) and, for the weed class, omission (OE) and
commission errors (CE). Classiﬁcation results were assessed under an
‘alarmist’ approach in order to minimise the chance of overestimating
weed coverage. Under this condition, we found that best results are
provided by a set of spectral indices (OA = 96.5%, weed CE = 2.0%).
The output weed map was aggregated to a grid layer of 5 × 5 m to
simulate variable rate management units; a weed threshold was
applied to identify the portion of the ﬁeld to be subject to treatment
with herbicides. Ancillary information on weed and crop conditions
were derived over the grid cells to support precision agronomic
management of rice crops at the early stage of growth.
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1. Introduction
Within the more general term of precision agriculture, precision agronomy is deﬁned as
‘the matching of agronomic inputs and practices to localized conditions within a ﬁeld
and the improvement of the accuracy of the application’ (Finch, Samuel, and Lane 2014).
Beneﬁts of precision agronomy are both ﬁnancial (saving costs of production) and
environmental (reduced risk of pollution) (Finch, Samuel, and Lane 2014; McBratney,
Whelan, and Ancev 2005). Technology has a key role in precision agronomy, from data
collection, analysis, and interpretation to decision-making and implementation. In
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particular, remote sensing (RS) techniques are suitable for the assessment of crop status
relying on the relationship between canopy/plant optical properties and biophysical
parameters, as theoretically shown since early case studies (e.g. Gausman 1973; Peynado
et al. 1980; Tucker et al. 1980). Among the advantages of RS are the synoptic view and
the reduced cost per unit of area covered (Matese et al. 2015). Although high-altitude RS
platforms (i.e. space-borne and air-borne) have been the major source of observations
for the optical properties of vegetation (e.g. Eerens et al. 2014; Pan et al. 2015), there
have inherent limitations for precision agronomy applications, such as timeliness of the
acquisitions, frequency, and spatial resolution (Pinter et al. 2003).
These considerations, together with recent advancements in micro-technologies,
have signiﬁcantly pushed forward the use of Unmanned Aerial Vehicles (UAVs) for
crop monitoring; these low-altitude systems can be complementary to high-altitude
systems or even an alternative source of information over small areas (Huang et al.
2013). Compared to high-altitude platforms, UAVs oﬀer several advantages, such as: i)
the ultra-high spatial resolution, with pixel size of few cm, ii) less limitations imposed by
weather conditions, since they can ﬂy also on cloudy days, iii) greater ﬂexibility in
acquisition scheduling and payload options, and iv) reduced costs of vehicles and
sensors (Torres-Sánchez et al. 2014; Xiang and Tian 2011). Recent review articles pub-
lished by Salamí, Barrado, and Pastor (2014) and Pádua et al. (2017) well summarize
potentials and applications for new generation UAV platforms.
During the last few years, scientiﬁc literature on the topic of precision agriculture has
been focusing on investigating UAVs capabilities in providing information on: crop status
and vigour, stress and disease conditions (e.g. Zarco-Tejada, González-Dugo, and Berni
2012), crop bio-physical parameters (e.g. canopy cover, Leaf Area Index, chlorophyll and
nitrogen content; Torres-Sánchez et al. 2014), or potential yield (e.g. Stroppiana et al. 2015).
This is particularly relevant for the early stages of crop growth, when fertilizers and
herbicides are to be applied and young plants are more sensitive to stress factors, such as
diseases and weeds (Mo et al. 2005; Peña et al. 2013; Torres-Sánchez et al. 2014).
UAV imagery were successfully used for mapping weed infestation over maize and
sunﬂower crops (Peña et al. 2013; Pérez-Ortiz et al. 2015; López-Granados et al. 2016;
Pérez-Ortiz et al. 2016; Castaldi et al. 2017), as well as grasslands (Tamouridou et al.
2017). In rice crops, UAV data have been exploited for a range of applications, from
estimating chlorophyll density and nitrogen content (Uto et al. 2013; Li et al. 2015;
Zheng et al. 2016), to assessing lodging (Yang et al. 2017) and mapping yield
(Stroppiana et al. 2015; Kim et al. 2017).
Italy is the largest producer of rice in Europe, with about 210,000 ha cultivated area
adding up to more than half the EU production (FAO, 2004). Estimated costs for
irrigation, seeding, fertilization and crop protection amount to about 35% (~ 1000 €
ha−1) of the total production costs, with high impact from fertilizers (~ 390 € ha−1) and
herbicides (~ 270 € ha−1) (Camera di Commercio Vercelli 2016). Due to international
competition, the European rice production system has to reduce production costs to
remain economically sustainable and eﬀective implementation of precision agronomy is
the only feasible solution to both reduce costs and environmental impact.
In this framework, our work focuses on testing the capabilities of UAV data in providing
information on rice crop status at the early stage of the growth cycle, in order to support
the implementation of variable rate technology (VRT) in precision agronomy. The
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objective is to characterize the intra-ﬁeld variability of rice/soil and weed patches from
multi-spectral ortho-mosaic imagery acquired with an UAV. In particular, the main goals
are: 1) to map non-rice species for site speciﬁc weed management, identifying the best
performing set of input features in an unsupervised classiﬁcation approach; 2) to char-
acterize spatial patterns of rice germination to support fertilization strategy; 3) to provide
high level information suitable to support VRT applications.
2. Study area
The ﬁeld object of this study is located in Northern Italy, Pavia province, as
illustrated in Figure 1. The ﬁeld (~ 2 ha) was sown with rice (Oryza sativa L.,
cultivar: Sole CL) on 8 May 2016, with direct machine seeding on dry terrain (row
spacing about 10 cm). During preceding winter season, rapeseed (Brassica napus L.,
1753) was grown as cover crop. The use of cover crops rather than leaving bare
ﬁelds during autumn/winter is a mean for ecological intensiﬁcation of arable
systems aiming at enhancing productivity by reducing the impact of anthropogenic
inputs (Wittwer et al. 2017).
On the date of UAV survey, rice plants in the ﬁeld were still at very early growth stage
(10–15 cm plant height as measured in the ﬁeld), with a large presence of weeds. Two
major weeds were observed in the ﬁeld: barnyard grass (Echinochloa spp.). and common
purslane (Portulaca oleracea L.); in addition, some rapeseed patches, left from the winter
cover crop, were present (Figure 2). In our study, we deﬁne as ‘weed’ all non-rice species
which could cause an economic damage by reducing rice production and/or increasing
farmer’s production costs and, as a consequence, environmental impact. In this context
Figure 1. Study area overview: (a) location of the investigated rice ﬁeld belonging to the Carlo
Franchino farm (Rosasco, Lombardy region, Italy) where the experimental ﬂight was carried out on 7
June 2016, overlaid on a true colour composite RapidEye image acquired on 6 June 2016; (b) zoom
over the investigated ﬁeld and the points of crop/weeds in situ observations (red circle), hemi-
spherical photos (blue hollow) and GPS reference points (cyan).
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‘weed’ is used as synonymous of ‘invasive/noxious’ in contrast with ‘alien’ species, which
indicate non-indigenous or exotic species (Ziska et al. 2011).
3. Dataset
3.1. In situ data
In situ observations and measurements were collected along a transect of points within
the monitored rice ﬁeld on 7 June 2016, simultaneously to UAV overﬂight. The location
of the points of in situ data is shown in Figure 1(b).
Vegetation characteristics of either rice or weeds and their conditions were observed
and photographed at each point location; for rice only, plant height was also measured. At
the same point locations, spectral response was collected with a SR-3500 High Resolution
Full Range Lab Spectroradiometer (350–2500 nm) equipped with a 25° ﬁber optic. The
instrument has a variable spectral resolution (3 nm from 350 to 1000 nm, 8 nm from 1000
to 1900 nm, 6 nm from 1900 to 2500 nm) and a sampling interval of 1 nm. Spectra were
taken at about 1.50 m above the target, resulting in an optical ﬁeld-of-view of 1.5–1.7 m2
(circular area); each spectrum was recorded as average of 10 measurements. A total of 12
sites were sampled, covered by rice, weeds, and soil with diﬀerent proportions (Figure S1).
Reference spectra of portable Spectralon panel were taken alongside vegetation spectra
for converting the spectra samples into reﬂectance units.
Figure 2. Context and detail photos of the rice ﬁeld object of this study: (a) general conditions, with
rapeseed bushes distributed over the ﬁeld area; (b) barnyard grass weed; (c) zoom over rapeseed
plant; (d) common purslane weed.
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GPS coordinates were determined in correspondence of the signature data positions,
by GPS receiver (Topcon HyperPro L1/L2) in network real time kinematic (NRTK) mode,
with network corrections provided by NetGeo. The same instrument was used for
surveying 12 Ground Control Points (GCPs), pre-signalized with black and white panels
along the edges of the ﬁeld, aimed at an optimal photogrammetric processing of the
aerial images taken from the UAV. GCPs coordinates are determined with a precision of
2 cm in planimetry and 3 cm in altimetry. Field measurements and observations are
summarized in Supplementary Materials (Figure S1).
Furthermore, digital hemispherical photos (DHPs) were taken in seven diﬀerent loca-
tions across the ﬁeld, where weed presence was not prevalent over rice (Figure 1(b)). At
each site, eight photos were shot from nadir at diﬀerent azimuth angles, pointing the
camera downwards at around 1.30 m from the surface using a NIKON D5200 equipped
with a SIGMA 4.5 mm Circular Fisheye lens. DHPs were subsequently processed using
CAN-EYE software (v6.1) for deriving rice fractional cover (fCrice) according to the methods
described by Jonckheere et al. (2004) and Weiss et al. (2004), roughly corresponding to
vegetation conditions of the circular area around each sampling site (~7.5 m diameter).
3.2. UAV imagery
UAV imagery were acquired on 7 June 2016 about one month after rice sowing. UAV
ﬂight was conducted between 14:00 and 16:00 local time with the 3DRobotics SOLO
quadcopter drone mounting a Parrot Sequoia multi-spectral sensor.
Image frames along the ﬂight path were acquired at 70 m above ground level (AGL) with
longitudinal and transversal overlaps both equal to 90%, leading to a ground sampling
distance (GSD) of 5 cm (Figure 3). In total, 393 frames were acquired to cover the investi-
gated area, and, after visual inspection, 340 were retained for producing the ortho-mosaic.
The Parrot Sequoia multi-spectral sensor acquires imagery through ﬁve separate optics:
one RGB sensor and four separated sensors for single spectral bands acquisition, namely
(central wavelength): green (550 nm), red (660 nm), red-edge (735 nm) and near-infrared
(790 nm). With the exception of red-edge, characterized by a 15 nm full width at half
maximum (FWHM), all other spectral bands are characterized by FWHM of about 40 nm. On
Figure 3. The ﬂight plan for the UAV survey over the investigate rice ﬁeld.
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the Parrot Sequoia, an up-ward facing Sunshine sensor is also available to measure the
irradiance for an automatic calibration of multi-spectral images. Unfortunately, due to the
Sunshine malfunction, no irradiance measurements were collected during the ﬂight.
3.3. Reference dataset
The reference dataset is composed of points, labelled as ‘weed’ and ‘no weed’, used for
labelling and validation (i.e. accuracy assessment) of the classiﬁcation outputs. The
approach proposed by Olofsson et al. (2014) was applied to assess the total number
of points to be sampled for computing the confusion matrix (nTOT). Following authors
equation (13) and assuming i) uniform distribution of the ‘weed’ and ‘no weed’ classes,
ii) expected user’s accuracy for both classes around 80% and iii) estimation error of OA
around 2%, we obtained nTOT = 400. The same cardinality was chosen for the set of
points used for labelling. Therefore, a total of 800 points were extracted with a random
Figure 4. The spatial distribution of the reference points over the ﬁeld under investigation.
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sampling scheme over the ﬁeld extent and assigned to either ‘weed’ or ‘no weed’ class
(Figure 4). Class assignment was performed by photo-interpretation of the multi-spectral
ortho-mosaic, with the assistance of context photos taken in the ﬁeld. A total of 315
(485) points were labelled as ‘weed’ (‘no weed’) and randomly split into labelling (157
‘weed’, 243 ‘no weed’) and validation (158 ‘weed’, 242 ‘no weed’) sets.
4. Methods
4.1. Image mosaicking
The Sequoia acquisition produced two kinds of data set simultaneously: a block of RGB
images, and a block of multi-spectral images (4 bands). Due to the diﬀerence in quality
and resolutions of the sensors, the two blocks were independently oriented with
Pix4Dmapper (v3.1.23), exploiting the GCPs, surveyed with GPS.
Both RGB and multi-spectral blocks were oriented with a self-calibration processing.
Then, according to a consolidate procedure (Sona et al. 2014), two Digital Surface
Models (DSMs) were created by using the two oriented blocks of images, with a ground
resolution of 0.30 m, and RGB and multispectral ortho-mosaics were produced with
resolution of 0.07 m.
4.2. Radiometric calibration
Due to the malfunction of the Sunshine sensor, in situ spectral reﬂectance collected
simultaneously with the ﬂight were used for radiometrically calibrating Sequoia bands
Digital Numbers (DNs), in an empirical line correction approach (Smith and Milton 1999).
First, in situ spectra (n = 12) were resampled to match the Sequoia bandwidths, whereas
DNs values were extracted from Sequoia ortho-mosaic spectral bands, over circular areas
of 40 cm diameter around each sampling point. Then, linear regression coeﬃcients of
DN values against target surface reﬂectance were calculated.
Radiometric calibration was performed by applying linear regression coeﬃcients to
Sequoia spectral bands. Finally, Mean Absolute Error (MAE) and the coeﬃcient of
determination (R2) were calculated for each band. Empirical regression models for the
Sequoia spectral bands are shown in Supplementary Materials (Figure S2).
4.3. Spectral indices and textural features calculation
Radiometrically corrected Sequoia band data were used for calculating Spectral Indices
(SIs), commonly used as proxy of vegetation parameters. A set of 15 indices was
computed; the full list of indices and references are given in Supplementary Materials
(Table S1). From this list, a subset of ﬁve indices was selected, representing diﬀerent
categories, including: i) a general, well-known index of vegetation vigour and cover
(NDVI; Rouse et al. 1974); ii) soil background-adjusted index (SAVI; Huete 1988); iii) a
simple ratio index related to leaf pigments content and greenness (RGRI; Gamon and
Surfus 1999); iv) an index using the information provided by reﬂectance in the red edge
region, connected to chlorophyll content and leaf area index (NDRE; Barnes et al. 2000);
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and v) an index combining visible and near-infrared (NIR) spectral ranges for estimating
canopy chlorophyll content (CVI; Hunt et al. 2011).
Together with spectral features, some textural features, based on co-occurrence ﬁlters,
were computed to highlight spatial patterns of the multi-spectral ortho-mosaic. Textural
features are among the most used features in remote sensing classiﬁcation (Haralick,
Shanmugam, and Dinstein 1973; Su and Gibeaut 2017), allowing for the representation
of spatial patterns of an image. Some recent works reported a signiﬁcant improvement of
classiﬁcation accuracy of very high-resolution (VHR) data when these features are com-
bined with spectral features (Qin 2015). Using ITT HARRIS ENVI® (v5.4), ﬁve textural
features, along the vertical, horizontal and diagonal directions, were computed from the
multi-spectral ortho-mosaic: variance, homogeneity, contrast, dissimilarity, and entropy.
Each parameter was averaged over the selected directions. An additional set of textural
features was derived by computing features over one single direction (horizontal) and by
adding three further features (namely mean, second moment and correlation). Accuracy of
unsupervised classiﬁcation has been proved to slightly change with window size used for
the computation of textural features and generally decreases with increasing sizes: based
on Su and Gibeaut (2017), who investigated the accuracy of classiﬁcation of UAV imagery
with variables window size, a 3 by 3 pixels (pixel size = 0.07 m) window was selected.
Furthermore, a Principal Component Analysis (PCA) was run to reduce the dimensionality
of input textural features space, i.e. using diﬀerent subsets of principal components (PCs)
as input of the unsupervised classiﬁcation.
4.4. Weed classiﬁcation
Radiometrically-corrected data were processed to produce maps of weed/no weed
presence, at the spatial resolution of the UAV multi-spectral ortho-mosaic. Figure 5
shows the ﬂowchart of the processing steps, which are described in details in the
following paragraphs.
4.4.1. Testing of input features
Spectral and textural features were used as input to the unsupervised classiﬁcation
algorithm to the aim of investigating the inﬂuence of input features characteristics on
the accuracy of the weed map. Table 1 summarizes the sets of input features used.
4.4.2. Unsupervised classiﬁcation and automatic labelling
A pixel-based unsupervised ISODATA (Interactive Self-Organizing Data Analysis Technique)
algorithm, implemented in the software ITT HARRIS ENVI® (v5.4), was applied to classify
image pixels into clusters, i.e. aggregation of pixels in the multi-dimensional space of the
input features (Jain, Murty, and Flynn 1999; Arai and Bu 2007). Among the ISODATA
parameters, the range of output classes was set to vary between 5 and 10 in order to
allow the algorithm to converge to the optimal number of clusters: this number is adjusted
automatically during each iteration by merging similar clusters and splitting clusters with
large standard deviations. The number of clusters was selected conservatively higher than
the target classes (i.e. binary classiﬁcation into ‘weed’ and ‘no weed’) in order to take into
account intra-class variability assuming that similar clusters can be merged at following steps
(Richards 2013). The number of iterations was conservatively set to 100 to assure
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convergence of the algorithm (Broder et al. 2014). A mask over the ﬁeld perimeter was
applied before running the ISODATA algorithm to discard areas outside the ﬁeld under
investigation.
In order to label clusters extracted by the unsupervised algorithm, ISODATA outputs
were compared to the labelling subset of reference points (n = 400) and each cluster
was assigned the ‘weed’/‘no weed’ label based on a majority criterion; a weed/no weed
mask is therefore extracted for each unsupervised classiﬁcation. ISODATA clusters with
no reference points were labelled as ‘unclassiﬁed’.
4.4.3. Classiﬁcation comparison
The classiﬁcation outputs derived with the diﬀerent sets of input features were compared
and ranked by using the reference points set aside for validation (n = 400), independent
from the ones used for labelling of ISODATA clusters. A pixel-based accuracy assessment
was applied by comparing pixel by pixel reference and classiﬁcation datasets.
For each weed map produced, the confusion matrix and global (i.e. overall accuracy)
and omission and commission errors for the ‘weed’ class were computed. The
Figure 5. The ﬂowchart of the processing steps applied to derive the weed/no weed maps and
ancillary information on rice cover and weed canopy height.
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classiﬁcation with the best accuracy performance was ﬁnally used to derive information
on weed presence and density over regular square grid cells of 5 m side, suitable for
supporting variable rate technology (VRT) applications.
4.5. Ancillary layers
After the production of the weed/no weed map, ancillary information on rice fractional
cover (fCrice) and weed canopy height (cHweed) were produced over the 5 m square grid
mentioned above.
4.5.1. Rice fractional cover
The rice fractional cover (fCrice) layer was generated for the area classiﬁed as ‘no weed’
via empirical regression modelling calibrated using in situ collected rice fC data. Linear
regressive models were ﬁt to the ﬁve selected SIs computed from Sequoia data, using as
predictive variable the average of each SI over the circular area (~7.5 m diameter)
centred at the location of DHPs taken in the ﬁeld. The model with SAVI as input
provided the best results in terms of R2 (see Supplementary Materials, Table S2 and
Figure S3), and was therefore selected for mapping fCrice, over the 5 m grid cells, using
the following equation:
fCrice ¼ 0:74 SAVIð Þ  0:05 range : 0:00 0:35½  (2)
4.5.2. Weed canopy height
The height of weed canopy (cHweed) was estimated by mathematical diﬀerence of
the multi-spectral DSM and the Digital Terrain Model (DTM). DTM was generated
from values of GPS measurements located within the border of the ﬁeld (red
markers in Figure 1). Spatial interpolation was carried out in QGIS (v2.18) by
Table 1. The sets of spectral and textural features used as input to the unsupervised algorithm.
Feature set name No. of layers Description
NDVI 1 Only NDVI index
SAVI 1 Only SAVI
GSAVI 1 Only GSAVI
Reﬂ 4 All spectral bands
SIs_all 15 All spectral indices
SIs_subset 5 A subset of spectral indices selected by grouping the indices in categories
Text 1 32 All textural features derived with method 1 (only one direction)
Text1sub 8 A subset of all textural features derived with method 1 (only one direction)
selected by the expert
Text1pca02 2 The ﬁrst 2 components of the PCA applied to the set of textural features
derived with method 1
Text1pca03 3 The ﬁrst 3 components of the PCA applied to the set of textural features
derived with method 1
Text1pca04 4 The ﬁrst 4 components of the PCA applied to the set of textural features
derived with method 1
Text1pca05 5 The ﬁrst 5 components of the PCA applied to the set of textural features
derived with method 1
Text1_ind_sub 13 A subset of spectral indices and textural features derived with method 1
Text2 12 All textural features derived with method 2 (three directions)
Text2pca02 2 The ﬁrst 2 components of the PCA applied to the set of textural features
derived with method 2
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applying the Triangulated Irregular Networks (TIN) method; output DTM showed
values ranging from 152.42 m to 152.52 m, compatible with the expected paddy
ﬁeld elevation. Weed canopy height was calculated by subtracting the DTM from
the original DSM. The cHweed layer was derived at the spatial resolution of the
DSM (0.30 m) and resampled over the VRT grid (5 m). Since altimetric accuracy of
the DMS is around 8 cm and rice plants height in the ﬁeld was measured to be
10–15 cm, this procedure was retained only to assign canopy height to weed
patches, which showed higher top of canopy levels, possibly surpassing 30 cm.
5. Results
5.1. Image pre-processing
Figure 6 shows the output of the pre-processing of Sequoia imagery: false colour composite of
the multi-spectral ortho-mosaic (RGB: NIR, red, green) (a), the RGB camera ortho-mosaic (b)
and the Digital Surface Model (DSM) (c). All images highlight the presence of weeds, mostly
common purslane (Portulaca oleracea L.), in the lower right corner of the ﬁeld. In these areas,
which are characterized by both higher canopy and greater biomass (shown in the false
colour composite) weed species are dominant; over the ﬁeld rice plants are still at the very
early stages of the growing cycle (young shoots with 3–4 leaves, BBCH code = 13–14).
Thegeometrical quality of photogrammetric processingwas evaluated through the accura-
cies of estimated targets coordinateswith respect to the ones surveyedwith GPS technique. In
Table 2, mean accuracies on 12 GCPs for RGB and multi-spectral processing are reported.
Values showed in Table 2 point out a slightly lower accuracy of multi-spectral block
adjustment. This could be attributed to a diﬀerence in GCP search procedure.
During the processing of the Sequoia multi-spectral block, the four single channels were
not automatically recognized as forming a singlemulti-band frame, and the 340multi-spectral
imageswere actually treated as 4 × 340 separated images. Therefore, themanual procedure of
Figure 6. Ortho-mosaics and derived products from UAV data processed with Pix4D: (a) false colour
composite (Sequoia NIR-Red-Green multispectral bands displayed in RGB channels); (b) true colour
composite from Sequoia RGB camera; (c) Digital Surface Model (DSM).
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pointing the GCPs on these images had to be repeated separately on all channels and images,
thus increasing the error eﬀect of manual pointing. The new releases of Sequoia ﬁxed this
problem, and multi-spectral images are now automatically co-registered by Pix4D before the
block adjustment. Radiometric calibration performance is deemed enough for the target
application, with full details provided as Supplementary Materials (Figure S2).
5.2. Weed classiﬁcation
Figure 7(a) shows the cluster map derived from ISODATA classiﬁcation of SIs; the six
clusters represent homogeneous areas of the ﬁeld automatically identiﬁed by the
unsupervised algorithm. The weed/no weed mask (panel b) is derived by automatic
labelling of the ISODATA output as described in 4.4.2. Notice that if no reference
points fall into a cluster, pixels are assigned an ‘unclassiﬁed’ label; in the example of
Figure 7, this occur for the last cluster (cluster 6, yellow). The total number of output
clusters varied as a function of the set of input features as shown in Table 3; weed
maps obtained from all input feature sets are presented in Supplementary Material,
Figure S4.
Table 2. Mean accuracies on ground coordinates of GCPs.
Ortho-mosaic product X error (m) Y error (m) Z error (m) Total error (m)
Multi-spectral block 0.049 0.058 0.079 0.110
RGB block 0.046 0.033 0.023 0.061
Figure 7. An example of output results from the unsupervised classiﬁcation ﬂowchart depicted in
Figure 5: (a) ISODATA output clusters (six) derived from SIs input set, (b) the weed/no weed mask
obtained from automatic labelling.
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Overall accuracy (OA) of weed maps obtained from the diﬀerent sets of input features
is given in Table 3; omission (OE) and commission (CE) errors for the ‘weed’ class are
shown in Figure 8. The ﬁve best performing feature sets, ranked by OA, are: SAVI (96.5%),
SIs (96.5%), GSAVI (94.5%), Reﬂ2 (93.3%) and Text1pca04 (92.5%).
The minimization of the commission error over the ‘weed’ class, CE(weed), is assumed
as the best criterion to reduce the risk of overestimating weed area, which leads to
applying more agrochemicals than needed. Under this assumption, the weed/no weed
mask derived by exploiting ‘SIs’ input feature (whole set of 15 spectral indices) is
considered the best performing one (CE(weed) = 2.0%, OE(weed) = 7.0%), and is taken
for subsequent analyses.
5.3. Products for VRT applications
The weed map derived from ‘SIs’ input feature was resampled to provide the weed cover
percent over the 5 m grid layer (Figure 9(a)). In this example, ﬁeld proportion to be treated
Table 3. The Overall Accuracy of the weed/no weed maps obtained from automatic classiﬁcation of
the diﬀerent input feature sets.
Input
feature set Overall accuracy (%) No. of layers No. output clusters (No. labelled)
CE(weed)
(%)
OE(weed)
(%)
GSAVI 94.5 1 5 (4) 5.8 8.2
NDVI 91.5 1 5 (5) 17.4 0.6
Reﬂ 93.3 4 5 (5) 8.8 8.2
SAVI 96.5 1 5 (5) 5.6 3.2
SIs 96.5 15 6 (5) 2.0 7.0
SIs_subset 83.9 5 5 (3) 1.1 40.4
Text1_ind_sub 90.5 13 7 (6) 0.8 23.4
Text2 82.5 12 5 (5) 24.1 18.4
Text2pca02 81.8 2 5 (5) 26.0 17.1
Text1 90.8 32 10 (9) 1.6 22.2
Text1sub 90.8 8 10 (10) 9.4 14.6
Text1pca02 90.8 2 10 (10) 11.0 12.7
Text1pca03 85.9 3 10 (9) 0.0 35.9
Text1pca04 92.5 4 10 (9) 1.5 17.7
Text1pca05 93.0 5 10 (9) 1.5 16.5
Figure 8. The omission and commission errors obtained from the automatic labelling of the
ISODATA clusters for the ‘no weed’ (a) and ‘weed’ (b) classes. Each marker represents accuracy
metrics for the classiﬁed map produced with one speciﬁc input feature set.
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has a maximum value of 95%, when weed threshold is 0% (i.e. all grid cells with a weed
proportion greater than 0 are selected). When a weed threshold of 50% is chosen, only grid
cells with a majority of weed presence are treated (i.e. approximately 17% of the ﬁeld area).
The cHweed map is provided only over grid cells covered by weeds for more than 50%, as
shown in Figure 9(b). In the map, weed canopy height ranges between 0.01 m and little
less than 0.30 m. Conversely, fCrice information is meaningful only over cells with preva-
lence of rice; the example for weed threshold of 50% is shown in Figure 9(c).
6. Discussion
We proposed here a semi-automated procedure for mapping weeds at the early
vegetative stages of rice crops. Input to the procedure is the multi-spectral ortho-
mosaic of Sequoia spectral bands in the visible to NIR range, at 0.07 m spatial
resolution. Imagery planimetric accuracy is in the range 0.05–0.06 m, which was
achieved by manual selection of the best frames during photogrammetric proces-
sing. Indeed, automatic processing of all Sequoia frames led to lower planimetric
accuracy. Accuracy levels are suitable for precision agronomy applications where the
management unit that can be handled by VRT machineries is in the best case of few
meter size.
Lower spatial resolution (0.30 m) due to spatial ﬁltering, as well as altimetric error of
Sequoia ortho-mosaic (around 0.08 m), are to be taken into account when deriving DSM
to map canopy height, especially during early stages of the growing season. For our case
Figure 9. Ancillary VRT information layers produced starting from best performing ‘weed’/‘no weed’
map to support precision agriculture. Information layers are provided over 5 m x 5 m grid cells: (a)
weed cover proportion (%), (b) weed canopy height (cHweed) and c) rice fractional cover (fCrice). Maps
are overlaid on RGB colour composite of the UAV ortho-mosaic. Empty cells represent (a) 0% weed
cover, (b) weed cover proportion greater than 50% and (c) weed cover proportion less than 50%.
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study, rice plants are 10–15 cm high while typical height of weeds found in the surveyed
ﬁeld reached up to 30 cm. Therefore, canopy height estimates derived from the
elaboration of Sequoia DSM was used only to characterize denser weed patches. This
information could be used by the farmer to set the levels of herbicides to be applied in
the portions of the ﬁeld to be treated.
Field spectra were used for empirical calibration of the multi-spectral ortho-
mosaic. The malfunction of the Sunshine sensor did not allow us to investigate
the accuracy of the radiometric signal of Sequoia, which should ideally be able to
provide radiometrically corrected data. Indeed, the availability of automatically
calibrated UAV reﬂectance images is desirable especially for multi-temporal mon-
itoring and the Sequoia conﬁguration with irradiance sensor is potentially suitable
for this purpose.
The approach for weed mapping is based on unsupervised classiﬁcation and labelling
of clusters relying on available geocoded in situ observations (i.e. reference points). In
this study, the reference dataset was built by random sampling and photo-interpretation
of UAV imagery, although any other source of information could be exploited. If in situ
observations are available to perform the automatic labelling task, the procedure
proposed could be automatized. Reference points could be collected with Smart
Applications on mobile devices (Bordogna et al. 2016) or provided by volunteers
photo-interpreting sample images as demonstrated in numerous open collaborative
projects in several ﬁelds of science (Franzoni and Sauermann 2014); an example is the
Ground Truth 2.0 project, funded by the European Commission, which uses citizen
science for land and natural resources management (Ground Truth 2.0 2017).
The output of the proposed procedure is a weed/no weed map at very high spatial
resolution, which can be exploited to extract information on weed cover proportion over
management units. A weed threshold can be applied to provide treatment maps
showing the rice ﬁeld regions to be treated for weed extirpation. In the weed control
decision process, the size of the management unit and the weed threshold can be
customized by the user (López-Granados et al. 2016). Based on the mapped ﬁeld
portions to be treated, a set of high-level geo-information layers was derived, namely
canopy weed height (cHweed) and rice fractional cover (fCrice), to support decision
process in a precision agronomy scenario, i.e. for weed control and rice germination
assessment. Weed canopy height could be useful for an approximate estimation of weed
volume, which could drive the decision on the amount of herbicide to be applied over
those areas of the ﬁeld where weed species are dominant.
Regarding weed mapping performance, the highest classiﬁcation accuracy was
obtained from spectral features (indices and bands), scoring OA > 91%, with the
exception of the ‘SIs_subset’ input feature set. This demonstrates that spectral informa-
tion, even when summarized into a single index (NDVI, SAVI, GSAVI) has capability to
resolve diﬀerent vegetation targets, hence maximising the separability between classes
(weeds and rice, here). Among the tested spectral indices, GSAVI and SAVI outperformed
NDVI in terms of both OA and ‘weed’ class CE, due to their capacity in dealing with
mixed soil/vegetation signal and less sensitive saturation eﬀect over medium to dense
canopies. Indeed, at the early stages of the growth cycle, plant density of herbaceous
crops is low (estimated fCrice not exceeding 30%) and local variability of soil signal, which
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in paddy rice crops is principally due to variability in moisture conditions, can strongly
aﬀect spectral measurements.
NDVI is vastly used in precision agriculture for its simplicity (often in absence of a
quantitative assessment of the alternatives), but here shows lower OA and a clear
tendency to overestimate weed presence, due to the nonlinear relation of the index
to crop presence (Table 3). In fact, NDVI is highly sensitive to abrupt changes from bare
soil to crop presence when there is a strong contrast between soil and plant in NIR
reﬂectance such as in post emergence phase (Huete 1988; Boschetti 2006). In contrast,
soil adjusted SIs (SAVI and GSAVI) provided results more accurate than NDVI when a
single index is used for straightforward weed mapping.
The number of output clusters resulting from the best performing sets of input features
is in the range 5–6 (Table 3), along the lower bound of clusters’ range, thus conﬁrming the
robustness of the choice of setting the upper bound of output clusters range equal to 10.
The underperformance of SIs_subset, which shows a strongly underestimated weed mask
(OE(weed) > 40%) is connected to the fact that 2 out of 5 ISODATA clusters for this input
feature sets were not labelled because no reference point fell in them, leading to size-
unbalanced clusters which is not shown by any other tested set.
When textural features are added to spectral information, the number of output
clusters increases up to 10, thus suggesting that more variability is observed in the
data. However, this heterogeneity does not result into higher accuracy, meaning that
information about texture does not bring additional value for the discrimination of rice
against weed, at least for the agronomic conditions of the ﬁeld object of this study
(machine-seeded rice over dry terrain, BBCH scale 13–14). Among the textural features,
the ones derived taking into account a single shift direction (feature sets with ‘Text1ʹ
preﬁx) are more variable in their outcomes – with OA varying from 86% to 93%,
depending on number of considered PCAs. However, they are more accurate in distin-
guishing weeds from no weed, when compared to textural features averaged across the
four shift directions (feature sets with Text2 preﬁx).
The selection of the best performing classiﬁcation depends on the objectives of the
application, in relation to an ‘alarmist’ (accept the risk of overestimating weed area) or
‘precautionary’ (accept the risk of missing weed area) attitude. Since we aim at the
optimization of the weed treatments by saving input resources and reducing environ-
mental impacts, we privileged the lowest weed overestimation (i.e. weed commission
error). Therefore, we selected the weed map derived from SIs feature set (OA = 96.5%,
weed CE = 2.0%, weed OE = 7.0%). SAVI and GSAVI, only slightly less accurate in terms of
weed mapping, could be a robust alternative to the whole set of SIs if the minimization
of input features was a requirement for the optimization of computational costs.
Starting from accurate weed maps it is possible to further exploit the information
content of multi-spectral UAV data, i.e. by providing information about weed height and
rice fractional cover, which can allow more spatially accurate herbicides distribution and
possibly taking measures for adjusting fertilization according to rice germination rate.
7. Conclusions
A semi-automatic procedure based on unsupervised clustering algorithm was designed
and applied to multi-spectral ortho-mosaic of UAV Sequoia images acquired over a rice
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ﬁeld to detect weed presence at the early stages of the growing season. Among the
input feature sets tested, spectral information showed better accuracy than textural
features. Spectral indices were the most suited inputs and, among them, SAVI and GSAVI
showed the best results, with OA higher than 94%. The weed map output of the semi-
automatic procedure was exploited, together with additional information derived from
the same Sequoia dataset, in order to produce geospatial gridded layers including
information on weed abundance and rice germination (i.e. fractional cover). This infor-
mation could be used in support of precision agronomy management of rice ﬁelds.
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